We present an automatic approach for 3D segmentation of mouse embryonic stem cell nuclei based on level set active contours. Due to the specific properties of these cells, standard methods for cell nucleus segmentation and splitting of cell clusters cannot be applied. Our segmentation approach combines information from two different channels which represent the nuclear region and the nuclear membrane. Moreover, we perform segmentation of gene loci within two other channels which enables single cell quantification of gene distances.
INTRODUCTION
Embryonic stem cells (ES cells) are pluripotent cells, which can differentiate into any cell type of the adult body. This striking property makes ES cells a highly interesting study target, likewise for basic research as well as for potential clinical and therapeutic applications. To better understand the principles of pluripotency and differentiation it is crucial to investigate the specific mechanisms of gene expression in differentiating ES cells.
In this work, multi-channel and multi-cell 3D images of fixed ES cell nuclei have been acquired to examine gene positioning in differentiating ES cells. To quantify and statistically analyze the characteristics of selected gene loci, the nuclear regions, the nuclear membranes, and the gene loci are imaged in different channels. First, individual nuclei have to be segmented to enable single cell analysis of the multi-cell images. Next, gene loci have to be segmented and gene distances as well as nuclear volumes have to be determined. Manual segmentation and quantification of such multi-channel 3D image data is difficult and error prone since information from different channels and different spatial dimensions has to be considered at once. To assist and accelerate the analysis of the image data we developed an * These authors contributed equally. automatic image analysis approach comprising methods for segmentation and quantification. However, automatic segmentation of ES cell nuclei is very challenging because of their specific properties: First, ES cell nuclei have a high nuclear-to-cytoplasmic ratio, i.e. nuclei lie very close to each other, as there is almost no cytoplasm between nuclei. In addition, these cells grow in colonies and thus form dense cell clusters. Second, ES cell nuclei have highly irregular shapes, including foldings and invaginations of the nuclear membrane since the cells lack proteins to stabilize the nuclear membrane (lamin A and C, see Fig. 1 ). Consequently, a priori assumptions about the nuclear shapes cannot be used for splitting up clusters of cell nuclei.
A number of approaches for 3D segmentation of cell nuclei have been described, for example, based on watershed transform (e.g., [1] ), active contours (e.g., [2] ), or ridge following (e.g., [3] ). In [4] an experimental comparison between segmentations based on the watershed transform and active contours was performed. However, these approaches deal with other types of cells which do not exhibit the challenging properties of mouse ES cells as described above. On the other hand, previous approaches developed for ES cell segmentation have only been used for 2D images and for data where cell nuclei are less densely clustered (e.g., [5, 6] ). We here present an automatic approach for 3D segmentation of highly irregularly shaped and densely clustered nuclei of mouse ES cells based on level set active contours. Also, we developed a convenient software tool for postprocessing and quantification of cellular features.
MATERIALS AND METHODS
To study gene positioning during embryonic stem (ES) cell differentiation based on 3D multi-channel multi-cell images, we have developed an automatic approach for segmenting cell nuclei as well as gene loci. To determine distances between gene loci and statistics about properties of the cell nucleus we furthermore developed a software tool which allows the user to perform individual postprocessing and quantification. 
Image Data
High-resolution four-channel 3D images of fixed mouse ES cells have been acquired with a widefield fluorescence microscope system (DeltaVision RT, Applied Precision, 60x objective) and deconvolved. Gene loci have been labeled using fluorescence in situ hybridization (FISH). The first channel represents the overall nuclear regions using DAPI staining, while the second channel shows the nuclear periphery (lamin B channel) which has been labeled by immunofluorescence microscopy. The third and fourth channel provide FISH signals of two different gene loci. For each channel, 3D images have been acquired with a spatial resolution of 512×512 pixels in the x-y plane and 73 to 87 z-slices (voxel size 0.1×0.1×0.2μm), and 16 bit gray value depth. Each image includes about five to eight cells (see Fig. 1(a) ).
Automatic 3D Segmentation
Images were preprocessed and then the nuclear regions as well as the FISH signals were segmented and labeled in 3D to allow quantification of single cells.
Preprocessing
Prior to the segmentation of the nuclear regions using level set-based active contours, bright regions of condensed chromatin in the DAPI channel were removed. To this end, we performed a slice-wise segmentation of these regions based on a tophat transform followed by automatic thresholding using the Renyi entropy [7] and median filtering. The tophat transform T of an image f is defined as
where b is the structuring element of the opening operation (in our case we used a circle with r = 8). Next, the segmented regions were masked with a locally determined mean gray value and the edges of the masked regions where smoothed with a mean filter. As a result we yield relatively homogenous nuclear regions as well as a segmentation of the condensed chromatin regions (see Fig. 1(b) ).
Segmentation of cell nuclei
As discussed above, in our application it is not possible to take advantage of a priori assumptions about the nuclear shapes and thus, we relied solely on the image information. For segmentation of the nuclear regions we developed the following two-step approach. In the first step, initial contours are determined based on region-adaptive thresholding, and in the second step, the initial contours are refined using Laplacian-based active contours [8] . First, 3D regionadaptive thresholding was applied on the preprocessed DAPI images, providing a segmentation of the complete cell cluster ( Fig. 1(c), left) . Local gray value thresholds were determined for overlapping image regions of 77×77×5 pixels using Otsu's method. Afterwards, a 3D Euclidean distance transform followed by 3D watershed transform was applied to roughly subdivide the cellular region, providing the initial contours.
In the second step, the initial contours were evolved to match the true nuclear regions using a 3D level set active contour method operating on the Laplacian image of the preprocessed DAPI channel. The active contour is represented as the zero level set of a higher dimensional function Φ(x, t) which is evolved by solving a level set equation [8] :
where F 0 is the propagation speed, ∇ denotes the gradient, Z(x) is a spatial modifier, describing the dependence of the speed on the mean curvature κ, and A(x, t) is the advection term representing an underlying time-dependent velocity field, which was omitted in our application. For the weighting factors we used values of α = 3, β = 1, and γ = 0 which were determined by grid-based optimization. Since level set-based active contours are topologically flexible, the initial contour can merge or split during contour evolution. Note that contour splits enable determining low-contrast cell borders that cannot be detected by thresholding or using the watershed transform. To further improve the performance of this method we additionally included information from the second channel (lamin B channel). This was done by combining the normalized Laplacian image of the nucleus channel with the normalized Laplacian image of the lamin B channel by a slice-by-slice summation ( Fig. 1(c) , middle). The Laplacian Δ of a 3D image f is given as
Since computing the Laplacian image is relatively sensitive to noise we smoothed the nucleus images using an anisotropic diffusion filter [9] , and the lamin B images using a Gaussian filter (σ = 1) prior to Laplace filtering. Finally, the resulting refined regions were split once again using a 3D watershed transform based on the 3D Euclidean distance map, followed by region labeling (see Fig. 1(c), right) . In Fig. 1(d) the original image and the corresponding segmentation result for another z-slice is shown.
Segmentation of FISH signals
For segmentation of the FISH signals we first applied a sliceby-slice tophat transform after Gauss filtering to enhance the small bright spots, and second, performed a thresholding operation. The threshold for a 3D image was automatically determined based on the histogram of the brightest z-slice of the image using the Renyi entropy [7] . To split clustered FISH signals we finally performed a 3D watershed transform after a Euclidean distance transform.
Semi-Automatic Postprocessing and Quantification
The final quantification of the FISH signals was performed semi-automatically for two main reasons. First, labeling of gene loci using FISH often produces nonspecific noise signals which cannot be distinguished automatically from the target signal of the gene loci. Consequently, to derive accurate results biologists have to check the FISH channels and potentially select the relevant objects manually. Second, in some cases the automatic segmentation approach was not able to split closely clustered nuclei correctly. Thus, we developed a software tool to conveniently view the multi-dimensional data, to easily merge oversegmented nuclear regions or discard undersegmentations, or discard nonspecific FISH signals. Our software tool was implemented as a plugin for the public domain image processing software ImageJ [10] and creates on-the-fly custom overlays of segmentation results, provides synchronized views, and allows quick region inspection (Fig. 2) . In addition, the tool computes single cell measurements, such as the volumes of nuclei and FISH signals, the distances between single gene loci or clusters of loci, and distances to the nuclear center and periphery.
EXPERIMENTAL RESULTS
We applied our approach to four original 3D images. To determine the accuracy of the 3D segmentation we computed the Dice coefficient between automatic and manual segmentation. Oversegmented nuclei were merged using our software tool for semi-automatic postprocessing. For the total number of 23 nuclei, 5 nuclei were merged and one nucleus was discarded in the postprocessing step. To provide ground truth for performance evaluation we manually segmented two 3D images including 12 nuclei. Top and bottom slices which did not include information were discarded from the analysis.
As shown in Tab. 1 we yield a good agreement between the results of our automatic approach and manual segmentation, with Dice coefficients in the range of 0.84 to 0.96, and an average of 0.92. The average distance of the nuclear gravity centers between manual and automatic segmentation turned out to be 2.9 voxels.
DISCUSSION
We developed an automatic segmentation approach as well as a semi-automatic inspection and quantification software tool to support the analysis of high-dimensional, high-content images of mouse embryonic stem (ES) cells. Automatic segmentation of ES cell nuclei is difficult because these cells are often densly clustered and have very irregular shapes. Our scheme can cope with these difficulties, and yields an average Dice coefficient of 0.92 for the segmentation of cell nuclei. Furthermore, the approach performs segmentation of gene loci in the FISH channels as well as a quantification on a single cell basis. In future work, we aim to increase the level of automation and apply our approach to a larger number of 3D images.
